Crowdsourcing with human-computing games is now a wellestablished approach to help solving difficult computational problems (e.g. Foldit, Phylo). The current strategies used to distribute problems among participants are currently limited to (i) delivering the full problem to every single user and ask them to explore the complete search space (e.g. Foldit), or (ii) decomposing the initial problem into smaller sub-problems and aggregate the solutions returned by gamers (e.g. Phylo). The second approach could be used to explore larger search spaces while harnessing collective intelligence, but popular crowdsourcing systems making use of the Amazon Mechanical Turk deliberately forbid communication between participants to avoid group-think phenomena. In this paper, we design a novel multi-player game-with-a-purpose, and analyze the impact of multiple game mechanisms on the performance of the system. We present a highly collaborative human-computing game that uses a market, skills and a challenge system to help the players collectively solve a graph problem. The results obtained during 12 game sessions of 10 players show that the market helps players to build larger solutions. We also show that a skill system and, to a lesser extent, a challenge system can be used to influence and guide the players towards producing better solutions. Our collaborative game-with-a-purpose is open-source, and aims to serve as a universal platform for further independent studies.
INTRODUCTION
Human-computation and crowdsourcing are now perceived as valuable techniques to help solving difficult computational problems. In order to make the best use of human skills in Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than the author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from Permissions@acm.org. CHI PLAY '16, October 16 -19, 2016 , Austin, TX, USA Copyright is held by the owner/author(s). Publication rights licensed to ACM. ACM 978-1-4503-4456-2/16/10 $15.00 DOI: http://dx.doi.org/10.1145/2967934.2968104 these systems, it is important to be able to characterize the expertise and performance of humans as individuals and even more importantly as groups. Currently, crowd-computing approaches make use of popular platforms such as Amazon Mechanical Turk (AMT) [1, 24] or Crowdcrafting [21] . The initial problem is decomposed into smaller sub-tasks that are distributed to individual workers and then aggregated to build a solution. This is also the case in popular scientific humancomputing games such as Phylo [12, 18] . Importantly, these systems prevent any interaction between workers in order to prevent groupthink phenomena and bias in the solution [22] . However, such constraints are necessarily limiting the capacity of the system to harness the cognitive power of crowds and make full benefit of collective intelligence. For instance, iterative combinations of crowdsourced contributions can help enhancing creativity [30] . Similarly, the presence of a broad spectrum of expertise in a crowdsourcing community has been shown to increase innovation and the advance of knowledge in the group [2] . The usefulness of parallelizing workflows has also been suggested for tasks accepting broad varieties of answers [20] .
The benefits of developing recommendation systems or coordination methods in collaborative environments has been demonstrated [15, 3, 31] . Therefore, in order to gain expressivity and improve their performance, the next generation of human-computation systems will certainly need to implement mechanisms to promote and control the collaboration between workers. Nonetheless, before transitioning to this model, it is important to first estimate the potential gains in productivity, and quantify the usefulness of the mechanisms and incentives to promote collaborative solving and prevent groupthink. A first step in this direction was made recently: mathematical models have been used to simulate the interactions between the participants of crowdsourcing projects in order to estimate the optimal group size depending on the difficulty of the problem [5] , and analyze the effect of repeated encounters on the reactive strategies of competing groups that can attack and sabotage each other [23] .
Computer games are now a widely used and effective media to complete crowdsourcing tasks [16] . Multiple studies already investigated the impact of design on human-computing tasks [17, 10, 11] . Incidentally, they are also an excellent and potentially powerful framework to study collaborative work.
Historically, computation on graphs has proven to be a good model to study the performance of humans in solving com-plex combinatorial problems [14] . Experiments have been conducted to evaluate the dynamics of crowds collaborating at solving graph problems [13] but still, little is known about the efficiency of the various modes of interaction.
In this paper, we propose a formal framework to study human collaborative solving. We embed a combinatorial graph problem into a novel multiplayer game-with-a-purpose [27, 7] , which will be used to engage participants and analyze collective performances. More precisely, we design a market game in which players can sell and buy solutions or bits of information, and couple this platform with (i) a skills system to enhance the efficiency of specific gaming strategies and (ii) a challenge system to guide the work of the crowd.
Most existing simultaneous collaborative games rely on two or three players trying to agree on an annotation of an image [27, 8, 28] , a song [29, 19] , a video [6] or a text [4] . In other crowdsourcing projects, collaboration between workers is iterative [26, 25, 9] . To the best of our knowledge, it is the first time that a market system is proposed to allow simultaneous collaborative solving by a large group of people.
We developed this market game to investigate the validity of the following hypotheses.
Hypotheses
The development of the game with its three main features, i.e. the market, the skills and the challenge system, was based on those four hypotheses:
1. A market system will help the players build longer solutions. 2. A skill system is useful to orient the players into doing specific actions that are beneficial to the game and other players. 3. A challenge system is effective in encouraging the players to do a specific action in the game. 4. The collected solutions are larger when all the three features are present in a game session, independently of the players' personal skills.
To test those hypotheses, we conducted a study on 120 participants using different variants of our market game. Our results confirm the benefits of using a trading platform to produce better solutions. Interestingly, we also found that a skills system helps to promote actions that are favorable to the collective solving process, but that the efficiency of a skill is reduced if it is designed to help solve one of the primary objectives of the game. Finally, we observed that a precise parametrization of challenges (i.e. finding an appropriate difficulty, nor too easy, nor too difficult) is required to result in an improvement of the quality of the collective work.
Our game is freely available at http://csb.cs.mcgill.ca/market-computing, and can be used as a platform for further independent studies.
PROBLEM
The game was implemented to solve a graph problem, which is the problem of finding maximal cliques in a multigraph. In simpler terms, the goal is to find subsets of vertices in the graph such that any two distinct vertices in the subsets are connected. In the case of this problem, we are dealing with a multigraph, which is simply a graph that can have multiple parallel edges. Let G(V, E) be a multi-colored graph, where each vertex v 2 V has a set of colors c(v). There is a colored edge e = (v, u) 2 E between the vertices v and u for every color in c(v) \ c(u) (i.e., one for every color that they have in common). In other words, there is no colored edge between two vertices v and u for which c(v) \ c(u) , / 0. Let |C| be the total number of colors in the graph. The problem is then the one of finding maximal cliques for each possible n number of colors (where 1  n  |C|), i.e. cliques in which all the edges (and vertices) have the same n colors. A simple exact algorithm can solve the problem in O(|V |2 |C| ). We make the conjecture that it is also the worst time complexity of the problem.
This problem was chosen for two reasons. First, it can be solved quickly by a computer when the number of colors is small, thus making it possible to compute the exact solution and measure the percentage of the solution that is found by the players in a game session. Second, this problem can easily be translated into a color matching game, which takes advantage of the ability of human perception. Indeed, since the colored edges between the vertices are given implicitly by the colors of the vertices, it is possible to show the players only the colored vertices. To solve the problem, the players have to find the largests sets of circles with colors in common, for all possible subsets of colors.
Note that it is not our goal to compare the performance of players with the performance of computers in solving this problem. With a limited number of colors (like six in our tests), the exact algorithm can solve the problem in seconds. For this study, we required a problem that was structured enough so that we could easily calculate the optimal solution and evaluate the performance of the players depending on what features were on or off and also the effect of the different features on the quality of solutions.
PRESENTATION OF THE GAME Goal of the game
The main objective of the game is to build sequences (i.e. sets) of circles (circles represent vertices of the graph) that (i) are as long as possible and (ii) contain as many colors in common as possible. Circles used by the players to build the sequences either come random packages bought from the system or they come from another player through the market. The sequences can then be sold to the system for a certain amount of game money, which is determined by a scoring function that takes into account the length and the number of colors in common of the sequence.
The players continously have to fill up their "hand" by buying circles, create the best sequences of circles from their hand and sell them to the system for in-game money. Figure 1 shows the gameplay loop and how the inclusion of the market system and challenges affect it.
Scoring function
The score of a sequence sold to the system is equal to baseScore n ⇤ seqLength 2 , where baseScore n is a base score Figure 1 . Gameplay loop diagram. The green boxes represent the actions that the players can make when there are no challenges and no market. The orange (resp. blue) boxes represent the actions that are allowed when the market (resp. challenge system) is present and how they interact with the gameplay.
depending on the number of colors in common (see Table 1 ) and seqLength is the length of the sequence. The base scores were calculated based on the exact solution for the graph that was generated for the tests (see section Generating the graph for a description of the graph that was used) in such a way to give a reward that is proportional to the difficulty of building the sequence. More precisely, we calculated the average length L n of all solutions for each n number of colors. The base score is simply the reciprocal of this average (1/L n ) multiplied by a balancing factor (505 in our case). The balancing factor was chosen in order to get a score of 500 for a sequence of length 10 with only one color in common, which is exactly the price of two random packages of circles. Also notice that the value of a sequence is exponential in relation to its length, which is to encourage players to build the longest possible sequences.
Number of colors 0 1 2 3 4 5 6 Base score 0 5 14 26 40 55 72 Table 1 . Value of the base score depending on the number of colors in common
The idea behind the scoring function is simple. Building simple short sequences with few colors in common can be done very quickly without much effort, so the score of those sequences is low. On the other hand, building long sequences with a lot of colors in common takes longer, so a high score is given to those sequences. Hence there is a tradeoff for the players between creating and selling many simple sequences, or creating and selling fewer more complex sequences.
Game interface
The game client and the server were built in Java 1.7. As shown in Figure 2 , the game interface can be divided into 3 parts: the player information panel, the game panel and the market panel.
A: Player information panel
This panel simply contains information on the player's wallet, the current level of the player and has three buttons, allowing the player to open dialogs showing information on the current challenge, the skills (see section Skills for a description of the available skills) and the leaderboard. One experience point is given to the player for each game dollar that he/she wins. The player can lose game money, but cannot lose experience points (experience points can only go up). Every time a player levels-up, he/she gets a skill point that can be used to improve any of the skills.
B: Game panel
The first component of the game panel is the 'My sequence' panel, which shows the current sequence that is being built by the player. The maximum size of a sequence is 10. Colors in common in the sequence are indicated by a thick black border surrounding the colors in the circles. Players can use the arrows to switch between the different sequence slots (2 sequence slots are available at the start of the game). The current value of the sequence is shown at the right, and the price for adding one more circle with the same colors in common is shown right below in gray. Finally, the sell button allows the player to sell the current sequence to the system: the sequence then disappears and the money is given to the player. Selling a sequence is equivalent to submitting a solution to the system.
The second component is the 'My hand' panel, which can contain up to 20 circles. Players can add a circle to the sequence by clicking on it. Circles are represented by their colors and by a price label (in a black box). The price corresponds to the current value of the circle on the market. Clicking on the price label sells the circle to the highest bidder on the market. Circles that are bought from a random package or from other players are sent to the hand.
The 'Awaiting to get sold' is where the circles are sent just before being sold to the highest bidder. If the bid disappears before the transaction is completed, the 'sold' circle will stay there. The player can then click on it to cancel the selling and put it back in the hand.
Finally, the bottom panel is a news feed, showing information on the game state, like the remaining time to complete the challenge and the last transactions completed by the player.
C: Market panel
At the top of the market panel, buttons allow the player to create bids for circles or to buy random packages (or bags) of circles. The 'Random bag' costs $250 and contains 5 circles with fewer colors. The 'Premium bag' costs $500 and contains 5 circles with a higher chance of getting circles with many colors.
Right below the buttons is the 'Automatic bids' panel, which allows the player to get automatic bids for circles corresponding to the sequences that he or she is building. A percentage of profit for the price of the automatic bids can be set with the slider. The profit is defined as the money the player would make by adding one more circle with the same colors in the current sequence (difference between the gray and black prices above the Sell button).
The 'My bids' panel shows all the bids that the player currently has on the market. The bid price is shown below the circle (in the black box). On the right side of the circle is the number of sequences with the same colors that the player can buy from other players (in the blue box). Clicking on the blue box opens a window showing the list of sequences that can be bought. Buying a sequence from another player is called a 'buyout' (see the following subsection for a more detailed description of buyouts).
Finally, the last panel at the bottom shows the last circle or sequence that was bought by the player.
Market
The market has three functions: (i) allow the players to exchange circles through a bidding system, (ii) allow players to buy sequences built and sold by other players so that they can be improved, and (iii) merge together sequences of length 10 to create super circles that are then put back in the game.
For every subset of colors, the server has a list of all the bids that are currently on the market. The value of the highest bid on the market is shown below every circle under the possession of the players. When a circle is sold by a player, it is sent through the server to the highest bidder.
Buyouts work differently. Players cannot bid on sequences, but the server holds for two minutes all the sequence that have been sold by the players. During those two minutes, other players can buy the sequences for a price that is equal to 150% of the initial score of the sequence. When a buyout is made, the bonus game money is sent to the player who initially sold the sequence to the system.
Finally, the game system creates a super circle every time a sequence of length 10 is sold by a player. A super circle of level 2 (representing 10 circles) counts as two circles when put in a sequence. Super circles can be of any level (a sequence of 10 super circles of level 2 form a super circle of level 3, and so on). The idea behind the creation of the super circles was to remove the limitation of the maximum sequence size imposed by the game interface.
Skills
Four different skills were implemented in the game. One skill point is awarded to a player when he or she levels up, which can then be put in any of the four skills. The maximum level of each skill is six (there are six levels of bonuses). Each skill was put in the game as a way to guide the player in doing actions that are beneficial to the system or to the other players:
• Buyout King: lowers the price of buying a sequence from another player (goal: encourage buyouts); • Color Expert: gives a bonus to selling sequences that have more than one color in common (goal: push players to build more multicolored sequences); • Sequence Collector: gives an additional sequence slot (goal:
give more space to encourage the creation of longer sequences with more colors in common); • Master Trader: gives a bonus to selling circles to other players (goal: promote the selling of individual circles).
Challenge system
We implemented a challenge system that analyzes the recent actions of the players and creates a new challenge every five minutes. The five challenge types are:
• Sell/buy circles: requires the players to sell or buy circles;
• Buyout sequences: requires the players to buy sequences from other players; • Minimum number of colors: requires the players to sell sequences with at least a certain number of colors in common; • Minimum sequence length: requires the players to sell sequences with a minimum sequence length; • Specific colors in common: requires the players to sell sequences with a specific subset of colors in common.
Basically, the system continuously monitors the activities of the players and decreases or increases the probabilities of each challenge type. The next challenge is then selected using a multinomial sampling on these probabilities. The number of times T that the challenge-related action must be completed is selected randomly between 2 and 4. The prize that is awarded for completing the challenge is equal to $1500 ⇤ T .
EXPERIMENTS Independent and dependent variables
In the context of this study, there were three independent variables: the market (present; not present), the skills (present; not present) and the challenges (present; not present). Instead of trying all 8 possible combinations of independent variables, we decided to focus on four game conditions: Focusing on those four playing conditions allowed us to repeat each experiment more times with different groups of players. Moreover, the goal was to evaluate the importance of every game feature by removing them one at a time and evaluating the effect on the results obtained by the players.
As for the dependent variables, we were interested in measuring the following: where T S is the total number of sequences sold by all players during a session, sL i is the sequence length of sequence i, nbC i is the number of colors in common of sequence i and T 1C is the total number of sequences of one color sold by all players during a session. 
Game sessions
We recruited 120 people in total to test our game. Out of those 120 participants, 35% were female and 65% were male. Their average age was 25.7 and average video gaming time per week was 4.7 hours. Roughly 75% of the participants were undergrad students from McGill University and University of Montreal. The other 25% were grad students and volunteers recruited through social media. Out of all the participants, about half of them were currently studying or working in computer science.
We divided the participants into groups of 10 and repeated three times each of the four game conditions presented in the previous subsection. Each participant was playing the game for the first time, except for some people that were invited as replacements to deal with last minute cancellations. Before starting each game session, the players were shown a document explaining the rules of the game and the interface. The participants were told that they were playing a human computing game that aims to solve a graph problem, but the mathematical problem in question was not described to the players. They were also asked to fill in a questionnaire so that we could get information on the participants, such as their age, their abilities at puzzle solving and their experience with video games for example. For all the experiments, the game session lasted 45 minutes.
Generating the graph
We generated one random colored multigraph that we used for all the 12 tests. Since the edges in the graph depend entirely on the colors of the vertices, it is sufficient to generate only the colored vertices. For the tests, a graph containing 300 vertices and 6 different colors was generated. To randomly select the number of colors for each vertex, a geometric distribution of parameter p = 0.5 was used, so that the vertices with a lot of colors are rarer. Once the number of colors was selected for the vertex, the set of colors was selected uniformly.
RESULTS AND DISCUSSION

Testing hypothesis 1: the efficiency of the market
The market system we implemented in the game allows the players to exchange circles and partial solutions (in the form of buyouts). The main goal of the market is to help the players in building longer sequences.
As shown in Figure 3 , the three game sessions in which we had the lowest average of sequence lengths (for all the sequences sold by all the players) are the ones that were played without the market, with averages of 4.40 for NM, 4.19 for NM-2 and 4.63 for NM-3. Even if we consider the super circles (the special circles that are actually 10 circles combined into one), the average sequence lengths for those three sessions are still the lowest ones, with values of 4.90 for both NM and NM-2, and 5.40 for NM-3.
Since the distribution of the lengths for all the sequences sold to the system during a game session do not follow a normal distribution, we used a non-parametric test (Kruskal-Wallis) to verify if the sequence lengths of the different game sessions seem to come from the same distributions. The KruskalWallis test revealed a significant effect of the game conditions on the sequence lengths without considering super circles (c 2 (11) = 1391.7, p < 2.2E 16) and also when considering super circles (c 2 (11) = 1388.4, p < 2.2E 16). We then made a post hoc test (Dunn's test) to do pairwise comparisons between all the groups. With or without considering super circles, all the game conditions were shown to be significantly different (p < 0.01), except a few shown in table 2. Note that the strongest similarities are found between the three 'All' groups and the three 'No market' groups. Some of the 'No skills' experiments are found to be similar to the 'All' groups, which could indicate that the presence of the skills have a very limited effect on the sequence length. The NC experiment is found to be similar to two 'No market' groups, but that can be explained by the fact the players for the NC experiment were very weak (as can be seen by the total experience gained during that session in Figure 10 ).
Note that even in the two sessions (A and NC) for which we had the smallest total experience (which is a way to evaluate the strength of the players; see Figure 10 ), the averages of sequence lengths were higher than the ones of the 3 game sessions without the market, even though we had some very strong groups for NM-2 and NM-3 (as shown by the total XP in Figure 10 ). Those observations confirm that the market is helping the players in the creation of longer sequences.
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Testing hypothesis 2: the benefits of a skill system
We implemented the skill system for two reasons: (i) to give the players more incentive to accumulate experience points as fast as possible, because the reward for leveling-up is an additional skill point, and (ii) to influence indirectly the players into doing actions that are either improving the solutions collected by the system or helpful to the other players (which in the end will also improve the solutions). In our game, two skills were related to the market (Buyout King and Master Trader) and two skills were related to building sequences (Color Expert and Sequence Collector). In the following paragraphs, we will analyze how those four skills affected the strategies and actions of the players. Note that when some players lost all their money in the game, they had to start a new game. In our results, we count both new games as if they were played by different players, since the players who restart might choose a different set of skills the second time. That explains why the total number of players is larger than 120. Players of the 'No skills' game condition were considered and put automatically in the without skill group.
Buyout King
The Buyout King skill allows the players to reduce the price of buying a sequence from another player (which we call a buyout). The idea behind this skill was to encourage the players to buy small sequences built by other players so that they could improve them before selling them back to the system. In other words, a buyout is the action of buying a partial solution made by another player in order to improve it. Figure 4 -left shows statitics for the players who have put at least one skill point in the Buyout King skill and the players who did not use the skill at all. We were interested in the number of buyouts that the players with the skill were making compared to the rest of the players. Note that since this skill is related to the market, we did not consider the 'No market' sessions for these results.
The median value for players who spent a skill point in the Buyout King skill is 15, while the median value for the players without the skill is 1.5, indicating that half of the players without the skill did not use the buyout at all or used it only once. Since the distribution of the number of buyouts is not following a normal distribution (the Shapiro-Wilk test rejected the null hypothesis with p = 2.6E 10), we used a MannWhitney's U test to compare the medians of the two groups. We found a significant effect of the presence of this skill on the medians (U = 1629.5, p = 0.004, effect size r = 0.28).
Master Trader
The Master Trader skill allows the players to get bonus money in addition to the regular market price for each circle they sell individually. This skill was put in the game in order to increase the activity on the market by encouraging more players to send the circles that they don't need to players who need it the most. The median value for the players who had selected the Master Trader skill (73) is more than three times larger than the one for the rest of the players (21.5). Since the distribution of the number of circles sold individually is not following a normal distribution (the Shapiro-Wilk test rejected the null hypothesis with p = 5.3E 13), we used a Mann-Whitney's U test to compare the medians of the two groups. We found a significant effect of the presence of the Master Trader skill on the medians (U = 1633.5, p = 7.2E 4, effect size r = 0.33).
Color Expert
The Color Expert skill gives a bonus multiplier to the scoring function for sequences with more than one color in common. This skill was implemented in order to give extra motivation to build sequences with many colors in common, since they are harder to build. Indeed, more focus is needed from the player to match many circles with more than one color in common. In Figure 5 , we show the comparison of the proportion of multicolored sequences sold by players with the Color Expert skill and players without it. Interestingly, the median values for both groups are almost identical: 0.317 (or 31.7%) for the players with the skill and 0.313 (or 31.3%) for the players without the skill. The distribution of the proportion of multicolored sequences was not normal (the Shapiro-Wilk test rejected the null hypothesis with p = 0.3E 4), so we did a Mann-Whithney's U test to compare the medians. As expected, the test failed to reject the null hypothesis that the values were sampled from the same distribution (p = 0.89).
We conclude that the Color Expert skill does not affect the behavior of the players. This can be explained by the fact that one of the main goals of the game is to create sequences with as many colors in common as possible, whether the player selects this skill or not.
Sequence Collector
Every point in the Sequence Collector skill gives an additionnal slot to build a sequence. Because of the limited size of the player's hand and the limited number of sequence slots, it's hard to build long sequences with many colors in common. It is for both the sequence length and the number of colors in common that we added the Sequence Collector skill in the game. We first compared the average sequence length of sequences built by players with the Sequence Collector skill and the ones built by the rest of players (see Figure 6 -left). While the median value for the players without the skill (5.63) is a little bit larger than the one for the players with the skill (5.12), the averages of both groups are actually similar (5.61 and 5.56 in the same order). Since the distribution of the average sequence lengths were not normal (the Shapiro-Wilk test rejected the null hypothesis with p = 0.0057), we did a Mann Whitney's U test to compare the medians of both groups. The test failed to reject the null hypothesis that the values were sampled from the same distribution (p = 0.69). Thus, there is no evidence that the Sequence Collector skill helps players build longer sequences. This tends to confirm what we mentioned earlier (in Section Testing hypothesis 1): the presence of the skills in general does not seem to affect the length of the sequences built by players. Once again, this can be explained by the fact that selling long sequences is one of the two main goals of the game, and is one of the main components of the scoring function.
We then compared the average number of colors in common of the sequences built by players with and without the Sequence collector skill (see Figure 6 -right). The median value for the players without the skill (1.58) is 12% lower than the one for the players with the skill (1.80). Since the distribution of the average number of colors in common is not following a normal distribution (the Shapiro-Wilk test rejected the null hypothesis with p = 1.2E 7), we used a Mann-Whitney's U test to compare the medians of the two groups and we found a significant effect of the presence of this skill on the medians (U = 3113, p = 0.01, effect size r = 0.21). The Sequence collector skill is thus helping players to build sequences with more colors, by allowing them to store unfinished sequences of multiple colors in the additional slots until they are able to complete them.
Testing hypothesis 3: the usefulness of the challenge system
The challenge system was implemented to analyze the current state of the game and guide the players towards doing actions that are currently needed. As mentionned previously, five different challenge types were implemented in the game (see Section Challenge system for the complete list). In order to analyze the effect of the challenges on the way the participants were playing, for each challenge type, we compared the relevant statistics of the game during the challenge with the rest of the game session (when a different challenge was available).
Note that we are considering here only the nine sessions in which the challenges were present and that the Sell/buy and Buyout challenges were disabled during the session without the market.
Minimum number of colors challenge
To measure the effect of the Minimum number of colors challenge on the game, we compared the average number of colors of the sequences built by the players when the challenge was active and when it was not. The different averages for each game session are presented in Figure 7 . In all the game sessions except A-3 and NM, the average number of colors in common is higher when the challenge is active. 
Minimum sequence length challenge
In order to analyze the effect that the Minimum sequence length challenge had on the game, we compared the average sequence length during the challenge and when a different challenge was active for all the game sessions. As shown in Figure 8 , the presence of this challenge increased the average sequence length in all the game sessions except the three sessions with all the features. The means of all the average sequence lengths during the challenge and for the rest of the time are 5.38 and 5.08 respectively. Since the distribution of the averages of sequence lengths is normal (Shapiro-Wilk p = 0.27), we used a Welch's t-test to compare those means, but the test wasn't able to prove that those means are significantly different (t(16) = 0.79, p = 0.44).
Although there is not a statistically significant difference between the two groups, we can generally see a small effect for six of the nine groups with challenges. The fact that we observe the opposite effect in the three game sessions with all the features is very surprising, but hard to explain. One possible explanation could be that when all the features are present, the players have more to think about and check the challenges a little bit less.
Sell/buy challenge
For the Sell/buy challenge, we were interested in comparing the number of individual circles sold on the market per minute when the challenge was active and when it was not. The results, presented in Figure 9 , don't show a clear trend. Indeed, in half of the game sessions, the number of circles sold per minute is higher during the challenge, while it's the opposite for the other half of the game sessions.
Once again, the numbers of circles sold per minute in the six different game sessions follow a normal distribution (ShapiroWilk p = 0.26), so we used a Welch's t-test to compare the means of both groups, which are 13.18 during the challenge and 12.73 during the rest of the time. The t-test failed to reject the null hypothesis that both means are the same (t(10) = 0.11, p = 0.91).
We believe that the main reason why there doesn't seem to be any difference between the two groups is that most people were able to complete this type of challenge without really changing anything to their normal behavior. This challenge was simply too easy, because most of the players are always selling or buying (through the bids) at least 2 or 4 circles every five minutes (the length of a challenge).
Buyout challenge
The Buyout challenge appeared only once in total in all the three gaming session with challenges and with the market. Thus, we don't have a significant amount of data to analyze the effect of this challenge. The reason why this challenge almost never appeared is because players were always using the buyout, which greatly reduced the probability of showing this challenge.
Specific colors in common challenge
The Specific colors in common challenge is also difficult to analyze because it was completed only 8 times in total during the nine sessions with challenges, despite appearing 11 times throughout those nine experiments. This can be explained by the fact that it was the hardest challenge. All the other challenges are more general and can be completed by doing actions that are not specific to a certain subset of colors. Even if the market should be helpful in finding circles with the required subset of colors, it seems highly probable that the players felt that this type of challenge was too hard and almost never tried to complete it. One of the research goals was to measure the impact of each feature by analyzing how much of the problem can be solved by the players in each of the game sessions. Our initial hypothesis was that players who have access to all the game features should be able to solve more of the problem.
Interestingly, we observed a larger than expected variance in the participants' personal skills which made it sometimes difficult to compare one game session with another in terms of the percentage of the problem that was solved. Indeed, some players quickly understood all the rules of the game and how to maximize their score, while others struggled to make points during the whole session, even with our help. As shown in Figure 10 , the percentage of the problem that was solved varies from 48% to 75% in all the different experiments.
In particular, the differences observed for experiments with the exact same game conditions (sometimes up to a 18% difference) demonstrates that we cannot simply use the percentage of the exact solution found as a way to measure the impact of a feature. Moreover, the top five sessions in terms of percentage solved (all sessions with more than 65%) come from the four different game conditions.
We used linear regression to test if the percentage of the problem solved is, to some extent, directly proportional to the total experience points accumulated by all the players during a session, which is a good way to measure the skills of the players during each session. The linear function obtained (graph not shown) had a coefficient of correlation r = 0.89, which shows a strong level of correlation. Thus, it suggests that the participants' skill level has a greater effect on the size of the collected solutions than the game features alone.
Understanding what makes a good player
Based on the questionnaire filled by the players before playing the game, and the global leaderboard of all the players from all the sessions put together, we tried to find similarities between the top players. Table 3 shows the most interesting differences between the top 12 players and the rest of the players. In the questionnaires, players had to indicate their age category (between 21 and 25 for example), their own evaluation of their puzzle solving abilities and a range of hours spent playing video games every week.
The average age of the two groups of players was calculated by taking the middle point of the age categories. The average age of the top 12 players was about 2.5 years younger than the one of the other players. For the puzzle solving self evaluation, the players could choose a level between 1 and 5 (5 being the strongest). The average level of the top 12 players was 3.67, compared to 2.90 for the others. As we did with the age categories, we computed averages of time spent playing video games every week using the middle point of the categories. The top 12 players were playing roughly 2.5 times more every week than the rest of the players. We also looked at the mean age, mean video game time per week, and mean puzzle solving self evaluation for each of the 12 groups. We used linear regression to measure the correlation between those mean values and the total experience points gained by all the players of the groups. Mean age and mean video game time per week have a moderate level of correlation with total experience (r = 0.67 and r = 0.58 respectively), while mean self evaluation only exhibits a weak level of correlation with total experience (r = 0.39).
CONCLUSION
We implemented a human computing game that uses a market, skills and challenges in order to solve a problem collaboratively. The problem that is solved by the players in our game is a graph problem that can be easily translated into a color matching game. The total number of colors used in the tests was small enough so that we were able to compute an exact solution and evaluate the performance of the players. We organized 12 game sessions of 10 players with four different game conditions (three times each).
Our tests showed that the market is a useful tool to help players build longer solutions (sequences, in our case). We also observed that weaker players can benefit from the market: it allows them to make larger contributions on average than stronger players without the market. In other words, the market allows participants of any skill level to be more productive. In addition, it also makes the game more dynamic and players mentioned that they really enjoyed this aspect of the game.
Our results also showed that skills in general are helpful to influence and guide the players into doing specific actions that are beneficial to the system and other players. We have found that skills are more efficient in their role of guiding the players if they are not directly related to the main goal of the game: the Color Expert skill for example did not affect the proportion of multicolored sequences built by the players.
The results on the challenges indicate that they can be useful to promote an action in the game (Minimum number of colors in common for example), but in order to be effective, the difficulty needs to be well-balanced. Challenges that are too easy (Sell/buy challenge for example) or too hard (Specific colors in common challenge for example) do not affect the game significantly.
Although the great variability in the participants' personal skills made it very difficult to make direct comparisons between the different game conditions in regards to the percentage of the solutions found, we showed that the percentage solved is proportional to the total experience gained by all players during a game session. Therefore, the percentage of the problem solved is clearly not only dependent on the features present in the game, but also on the participants' ability to be good at the game.
The analysis of the best players tends to show that younger players who play video games on a regular basis and have a strong self evaluation of their puzzle solving skills are able to understand the rules of the game and find winning strategies faster than the average participant.
In the context of a human computing game, where participants are contributing for free, players' perception and statisfaction with the gameplay is very important. We asked the players in the questionnaire to rate their experience with the game and the average score was 71.6%, which is significantly above average. We also gathered some feedback when we were talking to the participants after the sessions. Since the game has no end in itself (we decided to limit the sessions to 45 minutes), some players mentioned that it is very addictive. Competing against other players to be at the top of the leaderboard was also a powerful motivation for the players. Obviously, we also had some negative comments: some players found the game hard to understand, while some very good players found it too easy. Overall, it is quite interesting to see that players enjoyed the game in its current state without any extensive effort put into visual aesthetics.
Another important point for a collaborative game like ours is scalability. In the tests that we have done during the development of the game, we have noticed that having more players is actually beneficial to the system. There are more sellers and buyers on the market, which results in a market that is a lot more dynamic (bidders get their circles faster, prices change more often, etc.). A more dynamic market allows different strategies to be equally profitable (e.g. some players can decide to focus on the Master Trader skill that boosts prices for selling circles, and then focus entirely on selling individual circles to other players). We are planning as future work to build an online version of the game that would be available 24/7. This will allow us to analyze the differences in gameplay and quality of solutions between peak hours (with possibly thousands of players at the same time) and normal hours.
